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Abstract: A forest’s structure changes as it progresses through developmental stages from establish-
ment to old-growth forest. Therefore, the vertical structure of old-growth forests will differ from that
of younger, managed forests. Free, publicly available spaceborne Laser Range and Detection (LiDAR)
data designed for the determination of forest structure has recently become available through NASA’s
General Ecosystem and Development Investigation (GEDI). We use this data to investigate the struc-
ture of some of the largest remaining old-growth forests in Europe in the Ukrainian Carpathian
Mountains. We downloaded 18489 cloud-free shots in the old-growth forest (OGF) and 20398 shots
in adjacent non-OGF areas during leaf-on, snow-free conditions. We found significant differences be-
tween OGF and non-OGF over a wide range of structural metrics. OGF was significantly more open,
with a more complex vertical structure and thicker ground-layer vegetation. We used Random Forest
classification on a range of GEDI-derived metrics to classify OGF shapefiles with an accuracy of 73%.
Our work demonstrates the use of spaceborne LiDAR for the identification of old-growth forests.
Keywords: old-growth forest; forest structure; spaceborne LiDAR; GEDI; Carpathians; Random Forest
1. Introduction
There has been a noted growth of interest in the study of old-growth forests (OGF)
over recent years and increased efforts to protect these areas. Human disturbance, includ-
ing logging and deforestation for agriculture, has greatly reduced OGF occurrence and, in
Europe, less than 1% of forest is classified as OGF or primary forest [1]. Valued for their
carbon storage [2], biodiversity value [3], and beauty, these forests are characterised by a
lack of detectable manmade disturbance and are generally noted for their abundant dead-
wood, trees of various ages and diameters resulting from natural regeneration, numerous
large and old trees, and a complex canopy structure, consisting of multiple layers [4,5].
This presence of multiple vegetation layers is one of the key features that distinguishes
OGF from younger stands, and can provide a useful means of classifying OGF.
The most common method of remotely studying forest is through the use of optical
and radar sensors, such as the publicly available Landsat and Sentinel satellites. However,
optical sensors provide limited information on forest structure, and while Synthetic Aper-
ture Radar (SAR) sensors are perhaps better suited to the task, the 5.5 cm wavelength of
the Sentinel-1 SAR satellite gives limited penetration of thick forest canopies [6]. Light
Detection and Ranging (LiDAR) data, however, is better able to ascertain the forest canopy
structure and is not so hampered by the signal saturation of optical and radar signals,
with LiDAR beams able to penetrate the dense, multi-layered canopy. Given that OGF
is characterised by a complex vertical structure, LiDAR seems strongly compatible with
the remote study and classification of OGF. Additionally, forest structure provides im-
portant information on above-ground biomass storage, [7] biodiversity [8] and primary
productivity [9].
Ground-based LiDAR studies of forest structure are common, with, for example,
these recent papers [10–13] studying an OGF site in the Ukrainian Carpathians. Similarly,
airborne LiDAR surveys of forest structure have become increasingly common over recent
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years. For example, there have been a number of studies of vertical temperate forest
structure [14–21]. A Canadian study [22] used airborne LiDAR to estimate OGF attributes
such as vertical complexity and understory density and developed an OGF index assessing
the presence of characteristic features. However, due to operational costs ground and
airborne studies are usually of limited areal extent. On the other hand, spaceborne LiDAR
offers the potential for forest mapping on a global extent, but, to date, spaceborne LiDAR
studies of forest structures [23] are fewer in number, and the potential has not been fully
exploited. The Geoscience Laser Altimeter System (GLAS) on board the Ice, Cloud, and
Land Elevation Satellite (ICESat) [24] acquired data between 2003 and 2009 that has been
used to examine global forest canopy height [25,26] and aboveground biomass [27], but
this instrument was optimised more to the study of polar icecaps than forest structure.
NASA’s General Ecosystem Dynamics Investigation (GEDI) [28] is a full-waveform,
large-footprint LiDAR sensor mounted on the International Space Station, which began
taking measurements between latitudes 51.6◦ N and S in March 2019. It is designed to
provide high-resolution observations of forest vertical structure. Here we use this free,
publicly available spaceborne LiDAR data to test the following hypotheses:
(1) OGF will differ significantly from reference managed forest stands (non-OGF, NOGF)
on a number of vertical structure metrics. We expect OGF to have a more open canopy
and to be structurally more complex.
(2) The differences in structure between OGF and NOGF will permit the effective use of
Random Forest classification to classify OGF and NOGF.
2. Material and Methods
2.1. Study Area
The study was conducted in the Carpathian Mountains in the South-West of Ukraine,
where there are still tens of thousands of hectares of high-quality OGF, including the largest
contiguous forest of old-growth beech (Fagus sylvatica L.) in the world [29]. The remoteness
of the mountains, the constant changing of historical borders, preservation as royal hunting
grounds and distance from sufficiently large rivers to enable efficient timber extraction
saved many areas from timber exploitation [30].
Forests in the Ukrainian Carpathians have recently been field-surveyed by the World
Wildlife Fund (WWF) to identify any remaining areas of OGF [31]. Resulting from this sur-
vey were shapefiles of identified OGF, with each shapefile including detailed information
on its tree species composition. Criteria used in the survey for identification of forest as
OGF included abundant lying and standing deadwood, a complex structure with a high
diversity of tree sizes and ages, and a lack of visible anthropogenic influence. All the stands
in our study were surveyed between 2010 and 2018.
The surveyed OGF stands were largely single-species stands of beech, Norway spruce
(Picea abies (L.) H. Karst) and Mountain pine (Pinus mugo Turra), with a limited occurrence
of other species, such as sycamore maple (Acer pseudoplatanus L.) and silver fir (Abies alba
Mill) alongside beech, and silver fir and stone pine (Pinus pinea L.) alongside spruce. The
forest on the south-western side of the study area was dominated by beech, with a larger
number of Norway spruce and mountain pine stands further to the east. Characteristically,
the remnant OGF stands encircled open ground on the mountain tops, with managed
forest occurring further down the mountain slopes. However, there were a number of
lower-elevation OGF stands. For higher elevations, there was a change to scrub woodland
or krumholz [32], with this forest type reaching as high as 1800 m in places. Krumholz
largely consisted of mountain pine, with much smaller areas of green alder (Alnus alnobetula
(Ehrh.) K.Koch), and was generally just a few metres tall. As the structure and height of
this woodland type was completely different from the lower elevation OGF we excluded
krumholz forest from our study, and we removed all mountain pine and green alder areas,
and all areas with an elevation of over 1500 m.
The study area covered the province of Transcarpathia and the southern border of
Ivano-Frankivsk province, containing 65,600 ha of OGF. Figure 1 shows the study area, with
Remote Sens. 2021, 13, 1233 3 of 21
the location of GEDI shots used in this paper. All the WWF field survey data is available
on the website http://gis-wwf.com.ua accessed on 23 March 2021 The OGF in this region
is described in detail in a recent paper [33].
Figure 1. Map of study area showing the location of General Ecosystem and Development Investigation (GEDI) shots in
old-growth forest (OGF) areas (green) and Non-OGF areas (red) that were used in this study. The inset map shows the
location of the study area within Ukraine.
For comparative purposes, we selected Non-OGF shapefiles. These NOGF shapefiles
had been surveyed by the WWF but had not met the criteria for classification as old-growth.
The GEDI shots lying within these shapefiles were used for comparison to the OGF. The
selected NOGF shapefiles were mostly adjacent to the OGF shapefiles. However, because
the OGF tended to be a high-altitude forest this meant that adjacent NOGF was usually
lower in elevation. Therefore, we selected some high-elevation, tree-line adjacent NOGF
shapefiles that lay further away from the OGF. We selected sufficient NOGF shapefiles so
that the number of shots within OGF and NOGF areas was roughly equivalent.
NOGF areas have been primarily managed in a system of large-scale clear-felling and
replanting, resulting in a forest of even-aged stands of plantation forest. In 2009 it was
estimated that in the Ukrainian Carpathians, 72% of harvested timber derived from clear-
felling, 24% shelter-belt cutting, and just 4% as a result of selection thinning [34]. While
in recent years there has been an increased emphasis on sustainable forest management
practices, [35] with the ultimate aim of producing more uneven-aged stand structures and
continuous forest cover, much of the NOGF in the study area will be of an even-aged
plantation structure, with a simplified age, species, and spatial structure.
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2.2. GEDI
The GEDI LiDAR system is comprised of three lasers, with one of the lasers split into
2 beams, giving four tracks (see Figure 2). The three lasers are also dithered, producing a
total of eight parallel tracks. Each track consists of approximately 25 m diameter footprints
over which the 3D structure is measured by recording the amount of laser energy reflected
at different heights above ground. The footprints of each track are separated by 60 m and
the tracks themselves separated by about 600 m. The four tracks produced by the split laser
beams are referred to as cover tracks and the other four tracks as power tracks. LiDAR noise
will be least when the power beams are operating during the night, and greatest for the
cover beams operating during the day [36]. The coverage and power beans are designed to
be able to detect the ground through 95% and 98% canopy cover respectively [28]. Each
GEDI shot is given a sensitivity value, which is the estimated maximum canopy cover
that can be penetrated given the signal-to-noise ratio of the waveform. For our study, the
mean ± standard deviation sensitivity of the coverage beams was 0.947 ± 0.021 and for
the power beams 0.969 ± 0.016.
Figure 2. Showing operation of GEDI instrument.
The ground elevation of each GEDI shot (above sea-level) is produced by the GEDI’s
LiDAR instrument. Additionally, the elevation given by the TanDEM-X digital elevation
model is also provided in the GEDI products. TanDEM-X elevation values are produced
using X-band Synthetic Aperture Radar (SAR) on two satellites, have a resolution of
0.4 arcseconds and in forested, mountainous terrain similar to our study area have a mean
error of ±8–10 m [37,38].
2.3. GEDI Data Analysis Methods
To ensure that all the measurements were taken with the leaves fully out and without
snow cover, we restricted GEDI measurements to between 1 June and 30 September. In
Ukraine, the beech trees begin to leaf-out in mid-April at the lowest elevations, and by the
start of June are all fully emerged. Each GEDI shot has a quality flag field, with a value
of one indicating good quality. We discarded any measurements without a quality flag
equal to 1.
The GEDI datasets used in this study are the L2A and L2B processing level, down-
loaded over the co-ordinates 48.9–47.4◦ N, 22.3–24.7◦ E from 2 June to 29 September 2019,
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and 2 June to 1 September 2020. We had a total of 18,489 ‘good-quality’ shots in OGF and
20,398 shots in NOGF. 48% of these were taken at night (solar elevation less than 0◦).
After downloading, all the GEDI shots were converted to shapefile format. Using
shapefiles of OGF and NOGF across the region, all the shots were classified as either OGF
or NOGF. Further, both OGF and NOGF shots were then classified as either broadleaf,
conifer or mixed conifer/broadleaf. Forest in this last category has a conifer proportion of
between 20 to 80%.
Broadleaf forests in the study area were predominantly pure beech or beech dominated:
of the 9113 shots in broadleaf, 8711 were in pure beech forest and 304 in a beech-dominated
mix with another broadleaf species, principally sycamore. There were small areas of other
broadleaved species: 75 shots in sessile oak (Quercus petraea (Matt.) Liebl), nine shots in ash
(Fraxinus excelsior L.), and eight in hornbeam (Carpinus betulus L.) Similarly, conifer forests
were dominated by Norway spruce. Of the 6152 conifer shots, 5435 were in pure Norway
spruce forest and 522 in a Norway spruce-dominated mix with another conifer species,
principally silver fir. There were just seven shots in scots pine (Pinus sylvestris L.), 16 in
stone pine and 159 in silver fir. In other words, 99% of the OGF broadleaf category was
either beech or a beech-dominated broadleaf mix, while 97% of the OGF conifer category
was either Norway spruce or a Norway spruce-dominated conifer mix.
The principal part of the L2A product is 101 relative height metrics at 1% intervals (rhx
with x from 0,1,2, . . . 99,100). These are the percentiles of the vertical energy distribution
in a returned waveform, with the values giving the height in metres above ground below
which the specified percentage x of the LiDAR’s energy is returned. So for example, an
rh80 value of 10 m would mean that 80% of the energy was reflected below height 10 m
from the ground. The top value, rh100, is the height of the canopy top and rh0 the bottom
of the ground signal. Note that the lowest rh height values are usually negative due to
ground return, particularly where the canopy is sparse. We added a number of these
relative height values into our model. Additionally, a number of metrics were computed
from these relative height values (see Table 1.)
Table 1. Metrics used in the study.
Metrics GEDI Source Description
rhx L2A Relative height values x = 0,10,20,25,30,40,50,60,70,80,90,95,100
Thickest canopy L2A Height of thickest canopy as fraction of canopy height rh100
Thicknessx L2A
Canopy thickness curve: % above-ground energy reflected by 0–10,10–20 . . .
90–100% height strata
Herb L2A % above-ground energy reflected by herb layer (0–1 m)
Shrub L2A % above-ground energy reflected by shrub layer (1–5 m)
Kurtosis L2A Kurtosis of canopy thickness curve
Skewness L2A Skewness of canopy thickness curve
Mode Number L2A Number of detected modes in waveform
Vertical Height Distribution L2A Normalised difference of canopy height and aboveground return midpoint
Elevation L2A Elevation of ground (in m) above sea level
Total cover L2B % of ground covered by vertical projection of canopy
Plant area index L2B Total plant area index
Foliage Height Diversity L2B Foliage Height Diversity computed using 5 m vertical height bins
Ground return L2B Fraction of waveform ground component and sum of ground andcanopy components
We calculated a foliage thickness curve by dividing each LiDAR shot into ten equal
height strata, so that, for example, a 20 m canopy will be divided into ten 2 m strata, and
a 5 m tall canopy divided into ten 0.5 m strata. The percentage of energy reflected from
the ground to the canopy top (above-ground energy) by each of these strata is calculated,
with the thickest canopy strata reflecting the most and the thinnest the least. The skewness
and kurtosis of this curve were then computed. Kurtosis is a measure of the combined
weight of the tails compared to the rest of the distribution, with a positive value indicating
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‘tail-heavy’ distribution. Skewness is a measure of the symmetry of the distribution with
positive values indicating a heavy tail on the right-hand side of the distribution, negative
values a heavy tail on the left-hand side, and a value of 0 a symmetrical distribution.
We calculated the height of the thickest portion of the canopy, which will be the
height at which there is the least change in adjacent rh height values (Thickest Canopy
metric.) This metric was given as a fraction of canopy height (rh100.) The Vertical Height
Distribution (VHD) [8] is a measure of the evenness of canopy distribution, with a thick
top canopy and limited understory producing low values, and a more evenly distributed




where rh100 is the canopy height and rhmid is the height of the midpoint of the above-ground
return. For example, if 60% of the energy is above-ground return, then the midpoint would
be rh70.
A LiDAR study [10] in Central and Eastern Europe (including the Ukrainian Carpathi-
ans) of the difference in understory complexity of beech stands managed by thinning
compared to unmanaged OGF found significant differences between the Ukrainian OGF
study site and some of the managed sites, dependent on stand age and presence of tree
regeneration. Hence we formulated a herb layer metric, calculated as the energy reflected
by the herb layer, defined as being from the ground to 1 m tall. This metric was given as a
fraction of energy reflected from the ground to the canopy top. Similarly, we also calculated
the fraction of the above-ground energy reflected by the shrub layer, which we defined as
being from 1–5 m tall (shrub metric.)
We used five values from the L2B product: the plant area index (PAI), the canopy
cover, the Foliage Height Diversity (FHD), and the ground and canopy components of the
waveform rg and rv (see Table 1). PAI describes the horizontal projected area of vegetation
per unit of ground area (m2 m−2) within a volume of canopy. Canopy cover is defined
as the per cent of the ground covered by the vertical projection of canopy material. The
Foliage Height Diversity is a measure of canopy complexity and is calculated from the






where pi is the proportion of PAI in vertical height bin i, with the L2B product binning the
canopy into 5 m tall layers, and k is the total number of height bins. Higher fractions of PAI
in a layer will give a smaller contribution to FHD so that lower values are associated with
simple, single-layered canopies. The ground component is the integral of the waveform
ground component. Likewise, the canopy component is the integral of the waveform




All the aforementioned L2A and L2B processing was done using Python. We noted
forest structure differed between areas of shorter and taller canopies. Therefore, we
examined canopy structure separately for canopy heights of less than and greater than 25 m.
This specific value was chosen as it was roughly half the maximum canopy height, and has
been used in European forest studies as the definition of the upper canopy layer [39], or to
divide mature and middle-aged woodland from younger stands [40].
2.4. Random Forest Classification
We used the Random Forest (RF) method [41] to classify GEDI shots as either OGF or
NOGF based on the metrics detailed in Table 1. RF is a non-parametric tree technique that
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has been widely used for both classification and regression in determining forest structural
properties with airborne [21,42–47] and spaceborne [26,48–50] LiDAR. Additionally, a
previous paper [51] that had looked at the classification of OGF and NOGF in Ukraine used
optical Sentinel-2 imagery and RF Classification. To make this paper more comparable with
that paper we also opted for using RF classification. RF works by generating numerous
trees from a random subset of training data, and randomly selects predictor variables for
use in each tree.
The classification analysis was performed using the scikit-learn Python library [52].
The number of trees built was set at 500 and the maximum number of features used in an
individual tree was the square root of the total feature number. There was a slight excess
of OGF shots to NOGF shots and so we randomly sampled the OGF shots to produce
an equal number (using the ‘sample’ function in python Pandas, random_state = 1). We
assess accuracy using the producer’s accuracy (how often actual features are correct), user’s
accuracy (how often predicted features are correct) and total accuracy (correct predictions
to total predictions made). Differences in classification accuracies were examined for
significance using the 2-proportion Z-test, [53] which compares the proportions of correctly
classified results. The result of the Z-test is reported as the χ2 value and associated p value,
with a statistically significant level defined as 5%.
The classification analysis was carried out twice—firstly on each individual GEDI
shot and then for OGF and NOGF shapefiles which contained more than one shot in
their area. In the second case, we used the median value of the multiple shot values, and
additionally, added the standard deviations of the indicated metrics in Table 1. In each case,
the classification is carried out separately for conifer forests, broadleaf forests and mixed
forests, with the results then combined and reported. However, we recognize that to run
the RF classification separately on the different forest types requires detailed knowledge of
the area, which is not always as readily available as it is in our study area. We therefore
also carry out the RF classifications without separating the forest types and examine how
this impacts the classification accuracy.
3. Results
3.1. Erroneous Measurements
We noticed anomalous values of certain GEDI measurements. Figure 3 shows esti-
mated canopy height, ground elevation, and canopy cover measurements as a function of
different variables.
3.1.1. Erroneous Canopy Height Measurements
We found 2.4% (n = 224) of canopy height measurements in beech OGF were above
50 m, with the tallest at 64.4 m. Sources [29,54,55] suggest a maximum canopy height
for beech in Ukraine of about 47–50 m. Studies in other European countries have found
similar maximum heights: 53.7 m in Serbia [56], 51.7 m in Romania [57], and 49 m in
Germany [58]. In mixed forests, Norway spruce and silver fir can grow several metres
taller than beech [59]. However, visual analysis of winter Sentinel-2 (S-2) images of the area
with anomalous canopy heights showed no signs of any conifer trees in the area. Following
processing, the average geolocation error of the GEDI shots was estimated to be in the
order of 10–20 m [28], roughly equivalent to 1–2 S-2 pixels.
For conifer OGF, 0.2% (n = 13) height measurements were over 53 m, with a maxi-
mum reading of 78.6 m. A field study [60] at elevations of 800–1200 m in the Ukrainian
Carpathians suggested a maximum height value for Norway spruce of 53 m.
We used 1 arc-second Shuttle Radar Topography Mission (SRTM) [61] elevation data to
calculate the slopes of all shots in the study. The average slope of all GEDI beech OGF shots
was 23.5◦, with 82% of shots at slopes of over 15◦. The suspect maximum height values
were, on average, on slightly steeper terrain, as the average slope of beech height values
over 50 m was 27.4◦. While there were a few suspect shots on flatter terrain, Figure 3a
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shows the majority at slopes of over 20◦. However, removing shots based on slopes was
not a viable option, as there were simply too few shots on flatter terrain.
Figure 3. Canopy height data (rh100 in L2A product) as a function of (a) slope derived from 1 arc-second Shuttle Radar
Topography Mission (SRTM) elevation. (b) TanDEM-X ground elevation as a function of GEDI-derived ground elevation.
Difference in elevation values between TanDEM-X and GEDI (labelled (TANDEM-X)-GEDI) as a function of (c) canopy
height, (d) slope, (e) sensitivity and (f) canopy cover. (g) Canopy height and (h) Slope as a function of canopy cover.
(i) Canopy height, (j) Difference in elevation values between TanDEM-X and GEDI and (k) canopy cover as a function of
solar elevation, with negative values indicating night-time. Outlier values of TanDEM-X and GEDI differences are as large
as 300 m: therefore for (c–j), a small number of positive outlier elevation values are not shown. The upper 2 rows (Subplots
(a–h)) are density scatter plots, with colours indicating the number of points per pixel.
There were considerably more suspiciously high canopy height readings in broadleaved
than conifer woodland. Just 0.2% of conifer shots were over 53 m tall, compared to 1%
of broadleaved shots. Suspect shots were taken both during night-time and day-time
(Figure 3i). 59% of canopy height readings over 53 m were taken during the night-time.
3.1.2. Erroneous Ground Elevation Measurements
The TanDEM-X and GEDI-derived ground elevation values were strongly correlated
(R2 = 0.99, Figure 3b.) However, we noted a small number of extreme outliers where
the ground elevation values given by the GEDI shot was significantly different from that
given by TanDEM-X, with a maximum difference of 321 m (see Figure 3b.) The median
difference between the two elevation values (TanDEM-X –GEDI) was −11.5 m, and the
median absolute value 15.9 m.
Figure 3c shows an association between outlier canopy height readings and the
TanDEM-GEDI elevation difference, with almost all the canopy heights over 50 m having
Remote Sens. 2021, 13, 1233 9 of 21
overestimated GEDI elevation readings. In our study, high elevation differences tended
to occur on the steeper terrain, with an average slope of 27.1◦ for an elevation difference
of over 50 m and 29.4◦ for an elevation difference of over 100 m, compared to an average
slope for all GEDI shots of 23.2◦ (see Figure 3d.)
Linear regression showed that sensitivity had a significant, but minor effect (p < 0.0001,
R2 = 0.002) on the absolute elevation error readings (Figure 3e), with higher sensitivity
associated with higher errors. Naively, we expected lower sensitivity values with outlier
elevation difference values. We note that a previous study [36] found no change in elevation
accuracy with GEDI sensitivity. Higher canopy cover was associated with higher absolute
errors (p < 0.0001, R2 = 0.03) in the ground elevation readings (see Figure 3f.)
Erroneous elevation readings were strongly associated with a single track (rightmost
track in Figure 3j)—the highest solar elevation in the study at 62.7–62.9◦. The average
absolute elevation error for this track was 43.8 m, compared to 19.1 m for all shots.
Figure 4 shows the impact on selected structural metrics of removing all shots with
an absolute difference between the TanDEM-X value and the GEDI value above a given
threshold value. The removal of shots had a similar effect on OGF and NOGF metrics. We
regard the TanDEM-X elevation data as the accurate elevation dataset.
Figure 4. Plots showing the impact on selected structural metrics of removing from the study all GEDI shots with an
absolute difference between the TanDEM-X elevation value and the elevation value given by GEDI above the given value,
shown on the x-axis for all plots. Markers are either circles (OGF) or crosses (NOGF). Blue markers indicate broadleaf (B),
and green markers are conifer (C). Bottom right-hand graph shows the number of eligible shots on the y-axis.
3.1.3. Erroneous Canopy Cover Measurements
A field study [62] in beech OGF in the Ukrainian Carpathians of 314 plots, each of an
area of 0.05 ha and elevation ranging from 458 to 1269 m, found very thick canopy cover
values, with almost 80% of plots with a canopy cover over 0.7, and only about 5% with a
cover of less than 0.5. The minimum canopy cover was about 0.15. Another field study [54]
in the Ukrainian Carpathians in five sites of beech OGF of elevation from 550–760 m found
mean canopy covers of between 0.89–0.92. A study [60] of two Norway spruce OGF stands
in the Ukrainian Carpathians found mean canopy closures of 0.81 and 0.93.
There was a mismatch between our canopy cover values and these aforementioned
field studies. There were a very large number of shots with extremely low cover values
(see Figure 3f–h). A total of 6.8% and 18.1% of OGF and NOGF shots have a cover of less
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than 0.05, these shots overwhelmingly having canopy height values of between 5–15 m
(see Figure 3g). A visual examination in Google Earth and a Sentinel-2 RGB image from the
15 September 2020 of a sample of these shots confirmed they consisted of forest—that is,
they were not clearings or harvested sites. These extremely low values occurred at a large
range of TanDEM-GEDI elevation differences (Figure 3f), slope values (Figure 3h) and on
all solar elevation tracks (Figure 3k.) They occurred much more often in broadleaf than
conifer forests, with 12% and 31.3% of broadleaf OGF and NOGF having a cover under
0.05 respectively, compared to 5.7% and 6.8% of conifer OGF and NOGF. Figure 5 shows
the impact on selected structural metrics of removing all shots with a canopy cover below
a given threshold.
Figure 5. Plots showing the impact on selected structural metrics of removing from the study all GEDI shots with a canopy
cover below the given value, shown on the x-axis for all plots. Symbols as for Figure 4. Bottom right-hand graph shows the
number of eligible shots on the y-axis.
3.1.4. GEDI Shot Removal
Using the results of field studies in the Carpathian Mountains, we decided to remove
all shots with canopy height values over 50 m for the broadleaved shots, and all shots
with canopy height values over 53 m for conifer and mixed forest shots. This results in the
removal of 277 (1.5% of total) and 176 (0.9% of total) OGF and NOGF shots respectively.
The relationship between faulty elevation readings and suspect canopy height shots
means that shots that were inaccurate in elevation will be more likely to be inaccurate in
terms of canopy height and possibly structure. However, we wanted to avoid removing
lots of shots from our study if possible. We investigated removing all GEDI shots with (a)
an elevation difference of 25 m (26% of total shots) and (b) 50 m (4% of total shots) from
our study. We found that the use of these two different threshold values did not alter the
statistical significance in the comparison of OGF and NOGF structural metrics. The change
in RF classification accuracy was also small: 0.4% higher for the first case (a). Therefore, we
decided to keep as many GEDI shots as possible, and only removed shots with an elevation
difference of over 50 m from our study. This resulted in discarding 835 (4.5% of total) OGF
and 714 (3.5% of total) NOGF GEDI shots.
Again using the results of Ukrainian Carpathian field studies, it was clear that many
of the canopy cover values were too low. Again we were keen to keep as many shots as
possible in our study. We investigated removing all GEDI shots with (a) a cover of less
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than 0.15 (22.5% of total shots) and (b) 0.45 (38.9% of total shots). These values are chosen
based on field studies in Ukrainian beech OGF, with the former being the minimum canopy
cover value found, and the latter the lowest canopy cover value at which a large number
of measurements were found. RF classification accuracy was 0.4% higher in the first case
(a). Therefore we again decided to keep as many GEDI shots as possible and removed any
shots with a cover of less than 0.15.
In summary, we perform three filters of the GEDI shots: the removal of erroneous
canopy height measurements, the removal of erroneous ground elevation measurements
and the removal of erroneous canopy cover values. This resulted in the total removal of
3932 (20.3% of total) OGF and 6780 (32.7% of total) NOGF GEDI shots from the study,
leaving us with 14,557 OGF and 13,618 NOGF shots for use in the remainder of the paper.
3.2. Forest Structure
3.2.1. Conifer Structure
Figure 6 compares canopy heights in OGF and NOGF. The mean ± standard error of
the canopy height was 27.8 ± 0.1 m for conifer OGF (97% Norway spruce) compared to
27.5 ± 0.1 m for conifer NOGF. The maximum conifer OGF height detected was 52.5 m, at
an elevation of 979 m. 0.3% (n = 16) of conifer data had a canopy height over 50 m.
Figure 6. Histograms of canopy height (rh100) for (a) conifer old-growth forest (OGF) and non-OGF (NOGF) and
(b) broadleaf OGF and NOGF. y-axis gives the probability density: each bin displays the count divided by the total
number of counts and the bin width of 5 m. The area under the histogram, therefore, sums to 1. The dotted vertical blue
and green lines give the mean heights of the OGF and NOGF respectively. Red vertical lines give the mean canopy heights
from five field studies of OGF in the Carpathian Mountains: a: [63], b: [64], c: [59], d: [57], e: [65].
Figure 7 shows the boxplots of selected structural metrics for OGF and NOGF. There
was a significant difference between OGF and NOGF conifer structures on all tested metrics
except Foliage Height Diversity and canopy height (see Table 2). Indeed, the overall
maximum canopy height distribution was similar for OGF and NOGF (see Figure 6a). OGF
was more open, with lower values of canopy cover and PAI, and higher values of ground
return energy. Conifer OGF was marked by a thick herb and shrub layer compared to
NOGF (see Table 2 and Figure 7).
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Figure 7. Boxplots of structural metrics (see Table 1) for old-growth forest (OGF) and non-OGF (NOGF) for canopy height
of over 25 m. We show broadleaf (B), conifer (C) and mixed (M) forest structure. The thickest layer metric is given as a
fraction of canopy height (m), and both the herb layer and shrub layer as fractions of aboveground return. PAI is plant area
index, FHD is foliage diversity index and VHD is vertical distribution index.
Table 2. Structural variables for old-growth forest (OGF) and non-OGF (NOGF) conifer stands for all canopy height values
and for canopy height values over 25 m. The t-stat column shows t-value, as well as significance in superscript: n.s. is not
significant, while *** indicates significance at 0.001 level. St. err. stands for standard error of the mean and is shown in
brackets below the mean value.
For All Canopy Heights For Canopy Heights >25 m
Mean ± (st. err.) Mean ± (st. err.)














































































Although the difference in canopy heights was minimal, there were substantial dif-
ferences in canopy structure between OGF and NOGF conifer. Figure 8 shows the mean
canopy thickness values over the 10 height strata. There was a significant difference be-
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tween the height of the thickest canopy layer, which in conifer OGF was near the ground
(about a tenth of canopy height), and in NOGF nearly seven-tenths canopy height. Conifer
OGF had a thicker understory but a more even distribution of vegetation in the upper
layers compared to NOGF. Both had an upper layer peak in the 60–70% height strata, but
this peak was considerably more marked compared to the four layers below in NOGF
than in OGF.
Figure 8. Mean vegetation thickness of old-growth forest (OGF) and non-OGF (NOGF) canopy with height above ground
for (a) maximum canopy height of greater than 25 m, and (b) maximum canopy height less than 25 m, with the canopy
divided into ten height strata (0–10% being the closest to the ground and 90–100% being closest to canopy top). Error bars
show standard deviations.
3.2.2. Broadleaf Structure
Broadleaf OGF was significantly different from NOGF on all selected metrics. How-
ever, if we restrict the analysis to tall forests (maximum canopy height over 25 m), OGF
and NOGF are more similar. Neither had much in the way of ground cover, with much
lower values of herb and shrub layer than for conifer forests. However, NOGF still had a
significantly thicker canopy, with higher PAI and canopy cover and lower values of ground
return (see Table 3). While for tall woodland, both categories had their thickest layer at
over half canopy height, OGF beech was significantly more layered than NOGF, with a
higher number of modes, and higher values of FHD and VHD.
3.3. Random Forest Classification
Random Forest classification was done for both each individual GEDI shot (Table 4a)
as well as for shapefiles that contained more than a single GEDI shot (Table 4b). In both
cases, the classification for conifer, broadleaf and mixed forest was run separately, and
then the results combined. The producer’s and user’s accuracies for the Random Forest
classifications were reasonably equal, with all values between about 70 and 80%. There
was a higher overall accuracy for shapefiles (Table 4b) than for individual GEDI shots
(Table 4a), but the difference was not significant (2-proportion Z-test).
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Table 3. Structural variables for old-growth forest (OGF) and non-OGF (NOGF) broadleaf stands for all canopy height
values and for canopy height values over 25 m. The t-stat column shows t-value, as well as significance in superscript: n.s. is
not significant, while * and *** indicates significance at 0.05 and 0.001 level respectively. St. err. Stands for standard error of
the mean.
For All Canopy Heights For Canopy Heights >25 m
Mean ± (st. err.) Mean ± (st. err.)
















































































Table 4. Confusion matrix for Random Forest classification of old-growth forest (OGF) and non-OGF
(NOGF) for (a) individual GEDI shots and (b) shapefiles. The bold text denotes correct classifications
and the overall accuracy. User’s and Prod.’s indicates user’s and producer’s accuracies respectively.
(a) Individual GEDI Shots Confusion Matrix
ACTUAL
PREDICTED
Classification OGF NOGF Total Prod.’s (%)
OGF 2944 1084 4028 73.1
NOGF 1277 2867 4144 69.2
Total 4221 3951 8172
User’s (%) 69.7 72.6
Overall accuracy (%) 71.1
(b) Shapefile Confusion Matrix
PREDICTED
ACTUAL
Classification OGF NOGF Total Prod.’s (%)
OGF 403 129 532 75.8
NOGF 160 363 523 69.4
Total 563 492 1055
User’s (%) 71.6 73.8
Overall accuracy (%) 72.6
For individual shots, the overall accuracy in conifer forests (73.9%) was significantly
higher (2-proportion Z-test, χ2 = 3.2, p = 0.001) than in broadleaf (70.5%). In turn, the overall
accuracy in broadleaf was significantly higher (2-proportion Z-test, χ2 = 4.6, p < 0.001) than
in mixed forest (63%). Running the RF classification on the conifer, broadleaf and mixed
forest types as a mixture resulted in a significantly lower accuracy than in running the
classification separately on the different forest types and then combining the results. For
shapefiles, it resulted in a significantly lower (χ2 = 2.5, p = 0.01, 2-proportion Z-test) overall
accuracy of 68.1%.
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Figure 9 shows the most important features for the classification of shapefiles for
conifer and broadleaf forests. The foliage thickness curves provided 7 of the top 15 features
for both conifer and broadleaf. However, the most important features for conifer and
broadleaf was generally quite different, with only 8 of the top 15 features in common. The
standard deviation values of the metrics rated very poorly with only one appearance for
broadleaf and none in conifer. However, it can be seen that there was no outstandingly
important feature in either forest type.
Figure 9. Feature importance of the top fifteen most important features for shapefile Random Forest classification for
(a) Conifer and (b) broadleaf forest. * indicates the standard deviation of feature; FHD: Foliage Height Diversity, VHD:
Vertical Height Distribution.
4. Discussion
Large-waveform, remotely sensed LiDAR has encountered significant problems with
producing accurate measurements on steeply sloped terrain in previous studies. The steeply
sloped ground has been linked to erroneously high canopy height readings [36,66,67], with
studies [36,67] suggesting that canopy height errors increase sharply above a slope of
about 10–15◦. Using GEDI data, a study [36] of temperate, mostly coniferous forest in
Germany found a Mean Absolute Deviation (MAD) value of 5 m for slopes of 20–25◦ and
6 m for slopes greater than 25◦. Canopy height error is worsened in areas of high canopy
cover, [36] with increased difficulty in the LiDAR return accurately detecting the ground.
For this reason, LIDAR is known to have higher accuracy in conifer than broadleaved
forests [66,68,69], due to the latter’s more closed canopy in summer months (see Figure 7).
Similarly, rugged terrain is well known to cause LiDAR ground elevation reading
problems [36,70–72]. A number of studies [71,72] have noted LiDAR elevation errors
increasing sharply for slopes over 15–20◦. The GEDI geolocation error can clearly lead to
an error in a given height if the location error is in the same direction as the slope. For our
study area, using our mean slope value of 23.2◦, the extreme value of the GEDI geolocation
error (horizontal error of 20 m) and assuming a constant slope value, the vertical error could
be as high as 8.5 m. The thick forest canopy is also associated with greater inaccuracies in
LiDAR elevation readings [71,73]. These errors can be particularly acute for thick forest
canopy on sloped terrain [72]: the LiDAR ground returns are spread out over different
heights, and ground and vegetation returns can occur at the same height, leading to
difficulty in distinguishing the ground return in the reflected waveform. However, even
taken in tandem, neither the impact of heavily sloped terrain and dense forest can really
account for some of the extremely large difference values that we see.
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The cause of extremely low canopy cover values is harder to explain, with them
occurring on shallow slopes and for low values of elevation error. They occur more often
in NOGF than OGF and more often in broadleaf than conifer forests. Interestingly, almost
all these erroneous cover values had canopy height values of between 5–15 m, so filtering
out the low cover values had no effect on our findings for canopies over 25 m tall.
One study, using spaceborne LiDAR [74], dealt with the problems caused by steep
slopes by removing all LiDAR shots with a slope of over 10◦. Such an approach in mountain
forests such as those analysed here would leave us with insufficient data. However, the
terrain of the two forest types in our study was fairly similar—the mean ± standard
deviation slope of OGF and NOGF shots was 23.2 ± 8.5◦ and 21.2 ± 8.6◦ respectively.
This means that any errors should be similar in both forest categories, and since we
are interested in relative differences, rather than absolute values, this should hold less
importance. Despite this we still filtered our GEDI readings, discarding any canopy height
values over thresholds given by field studies from the study area. More significantly,
we used the difference in GEDI-derived ground elevation and an independently SAR-
produced ground elevation dataset as an indicator of reliability. Even more importantly,
we employed a third filter by removing all values of canopy cover below 0.15, based on
a study area field study. Together this resulted in us discarding about 25% of GEDI data,
with a lower data discard amount in OGF compared to NOGF.
Both broadleaf and conifer OGF had a unimodal canopy top height distribution, with
the peak at 25–30 m for spruce and 30–35 m for beech. In contrast, field studies [59,65]
found bimodal distributions for both beech and spruce, with peaks at 15–20 m and 40–45 m
for spruce and 5–10 m and 30–40 m for beech. We attribute the cause of this disagreement
to the different output from large footprint GEDI and field studies. The former will record
the height of the highest tree in a roughly circular, 25 m diameter area of approximately
0.05 ha. In contrast, field studies record the height of every tree within the plots, resulting
in a larger variability in canopy heights.
In terms of structure, OGF is typically characterised by vertical complexity and hori-
zontal heterogeneity [4]. On a horizontal level, OGF typically has canopy gaps and patches
of dense tree regeneration. On a vertical level, OGF typically has multiple layers, or
a continuous distribution of vegetation between the ground and canopy top, with the
presence of sub-canopy layers comprised of suppressed mature trees, shrubs and regen-
erating tree saplings. In our study area, these characteristics were present in both conifer
(predominantly Norway spruce) and broadleaf (predominantly beech) OGF (Figures 6–8).
Beech OGF had a ‘top-loaded’ vertical canopy distribution, with its thickest layer at about
60% of canopy height, while Norway spruce forest had its thickest layer much closer to
ground level.
We find significantly smaller values of PAI and canopy cover in tall (>25 m canopy
height) broadleaf OGF compared to NOGF. We expect lower canopy cover in beech OGF
than younger woodland due to increased treefalls and deadwood. However, the absolute
differences in these two metrics are much smaller than found between conifer OGF and
NOGF. For tall beech stands, there was no significant difference in herb layer between
OGF and NOGF, though the shrub layer was significantly thicker in OGF. These results
are in agreement with a number of field studies [39,55] of virgin beech forests that have
noted a sparse middle layer and understory, often described as a ‘hall’ or ‘cathedral’ type
structure. In contrast, almost twice as much energy was reflected from the shrub layer
in tall conifer OGF than NOGF, and above the lowest canopy thickness layer, the canopy
distribution is notably more evenly distributed than for conifer NOGF, or both broadleaf
forest categories. The lack of a significant difference in Foliage Height Diversity index
between conifer OGF and NOGF, therefore, seems surprising, given that higher values
of FHD are associated with more complex, multi-layered canopies. Figure 8, however,
shows the very thick ground layer in conifer OGF which will be reducing the FHD value.
Therefore, number of modes and the VHD index, both significantly higher in conifer OGF
than NOGF, seem to better capture the canopy complexity than FHD.
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Both Norway spruce [75] and beech [76] are considered to be shade-tolerant species
that can withstand lengthy periods of slow growth under the forest canopy. However,
at high elevations, Norway spruce’s shade tolerance is reduced, and semi-open spruce
stands can be found [77]. We found conifer OGF was significantly more open, with a
lower canopy cover compared to NOGF. Contrary to our results, a field study [60] of three
Norway spruce—Silver fir stands in Ukraine, two old-growth and one managed—found
no significant difference in canopy cover.
Due to the sampling nature of the GEDI project, it was harder to examine the horizontal
structure of the forest. An individual GEDI shot covers a roughly circular area of about
20–25 m diameter, dependent on factors such as the slope of the ground, and so covers an
area of about 300–500 m2. For both conifer and broadleaf, only 1% of shots had a canopy
height under 10 m tall (see Figure 6). Large footprint LiDAR can have a challenging time
accurately measuring the height of short-statured vegetation [78,79], especially on steeply
sloping terrain. However, field studies in the Carpathians have tended to find numerous,
fine-scale canopy gaps in beech [80–82], beech-fir [83], and beech-fir-spruce [84,85] old-
growth forest, but very few gaps larger than 500 m2, consistent with our results.
Our analysis shows spaceborne LiDAR can be used to classify OGF, with an accuracy
of 71–73%. A similar study [22] in a forest in Canada used Random Forest and airborne
LiDAR to classify OGF from younger stands, using the following metrics: canopy cover,
vertical complexity, 90% canopy height, understory density and, as an ancillary feature,
Wetness Index. Understory density was found to be the most important feature and OGF
was classified with an accuracy of about 60%. In the same area of the Ukrainian Carpathians
as our study, a paper [51] classified OGF from NOGF using optical Sentinel-2 data and
Random Forest, with a classification accuracy of shapefiles of 85%.
The current sparse sampling density of GEDI—with only 53% (3225 of 6014) of OGF
shapefiles in the study area currently having any quality shots, and 7% (431) having just
one shot—is currently a drawback to the use of GEDI. The use of multiple shots to classify
a shapefile allows the use of metrics such as the standard deviation of values which are
useful for classification purposes. The sampling should become denser as more GEDI data
becomes available in the future, likely increasing classification accuracy.
Contrariwise, the optical S-2 sensor provides information from all over the shapefile at
a resolution of 10–20 m, probably producing the higher classification accuracies seen with
that sensor. The possibility of boosting classification accuracies through the integration of
Sentinel or Landsat optical data with GEDI data is an interesting area of further study.
Historically, management of forest in the Ukrainian Carpathians has largely consisted
of clear-felling and replanting, with minimal interest in continuous cover forestry. This
practice generally results in blocks of even-aged plantation forests. A ground-based LiDAR
study [11] has noted that the structural complexity of continuous cover forestry is signif-
icantly greater than in even-aged monocultures. Therefore, we note that distinguishing
OGF from forests managed over long periods of time with continuous cover precepts may
prove to be a tougher proposition than in areas like our study site where plantation forestry
is the predominant management practise. Such difficulties and differences may prove an
interesting avenue of research.
Despite the challenges encountered in using LiDAR on such difficult terrain, we
believe the use of GEDI shows promise in the determination of vertical structure in complex
temperate forests. This can not only prove useful in identifying potential old-growth
stands, but over time could be used to track the development of old-growth characteristics
in mature forests. More widely, these methods could be used for evaluating a woodland’s
importance for biodiversity: the species diversity of birds, for example, is greater in taller,
more complex forests with a higher number of layers [86]. Similarly, mammal diversity
has been shown to be positively related to LiDAR-derived structural complexity, and
negatively related to cover [87]. Forest structure also has a strong control on the speed
at which fire spreads through a forest, with structurally complex forests decreasing fire
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spread [88]. Further work is required to explore whether the structural complexity of OGF
provides any protection from forest fires.
5. Conclusions
The difficulties inherent in ground and airborne LiDAR have restricted the determina-
tion of the vertical stand structure of old-growth forest to small plots or areas. Here we use
GEDI—a spaceborne LiDAR system—to investigate the vertical structure of old-growth
beech and spruce forest over tens of thousands of hectares of the Carpathian Mountains
of western Ukraine. From a LiDAR perspective, the Ukrainian Carpathian Mountains
are an especially challenging prospect, with steep slopes, thick forest cover and a mix of
broadleaved and needle-leaved tree species. Accurate determinations of ground eleva-
tion and canopy height are difficult in these conditions, and we note that caution in the
interpretation of results is vital, and accordingly we discarded about 25% of the cloud-free
GEDI shots.
OGF and NOGF differed significantly on the majority of measured metrics. Conifer
(needle-leaf) OGF was more distinct than broadleaf OGF, but both OGF categories were
found to be significantly more open and had a more layered canopy and greater quantities
of shrub-layer vegetation. Despite the relative paucity of GEDI readings, the classifica-
tion of OGF using vertical structure metrics was reasonably successful, with accuracies
approaching 73%. The potential for accuracies to be further improved through the addition
of further LiDAR data, and the combination with optical or radar imagery, is a promising
area of investigation.
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